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Abstract

‘Lifespan Student at WM Host of The Daily Show
We present a distantly supervised systemfor .~~~ —— | Married to Tracy McShane, i
extracting the temporal bounds fifients(re- _Entity: Tracey McShane — — — — — — = = 7 7 link
lations which only hold during certain times, Mifespan
such asattends scho@l Unlike previous 1970 1980 1990 5000 2010

pipelined approaches, our model does not as-
sume independence between each fluent or
even between named entities with known con-
nections (parent, spouse, employer, etc.). In-
stead, we model what makes timelines of flu-
ents consistent by learning cross-fluent con-
straints, potentially spanning entities as well.
For example, our model learns that someone

Figure 1: A timeline of two named entities. Each time
span representdlaent(a relation with temporal bounds).
Temporal bounds are denoted by spans on the timeline.
Fluents can create links between entities (e.g., marriage)

to learn these constraints and use them to produce
more accurate timelines of significant events for

is unlikely to start a job at age two or to marry
someone who hasn’t been born yet. Our sys-
tem achieves a 36% error reduction over a
pipelined baseline.

people and organizations. For example, it is com-
mon knowledge that someone cannot attend a school
if they haven’t been born yet. Constraints on con-
sistent timelines do not need to be hard constraints,

though: it is rare, although possible, to become the
CEO of a company at the age of 21.

Despite the rich constraints on valid timelines,
Many information extraction (IE) systems tradition-there is relatively little work on exploiting these con-
ally extracted just relations, but a great many readtraints for mutual disambiguation. Many existing
world relations such aattends schoadr has spouse systems extract different parts of a timeline sepa-
vary over time. To capture this, some recent IEately and use heuristics to combine them. These
systems have extended their focus from relations teeuristics tend to optimize only local consistency
fluents(relations combined with temporal bounds)(within a single fluent) but ignore more global con-
This can be seen in the temporal slot filling track irstraints across fluents (e.g., attending a school be-
the TAC-KBP 2011 shared task (Ji et al., 2011). Aore being born) or across fluents of two linked
direct application of this work is the automatic im-entities (e.g., attending a school before the school
provement of online resources such as Freebase amds founded). In this work, we explore using joint
Wikipedia infoboxes. Indirect applications includeinference to enforce these constraints. We show
guestion answering systems. that these techniques can yield substantial improve-

Fluents can be grouped together to form timements. Additionally, our general approach is not
lines (see Figure 1 for an example) and provide easpecific to extracting temporal boundaries of fluents.
ily capturable consistency constraints. Our goal it could easily be applied to other IE systems which

1 Introduction
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employ independent extractions followed by heurispeople and organizations, we add a special fluent,

tics to improve consistency. lifespan which doesn't take a slot valifeA list of
fluents we use are listed in Table 3.

2 The timelining task

3 Model
As a basis for our task, we first describe the Tempo-

ral KBP task (Ji et al., 2011). As input, one is givenl0 operate on a set of queries, we first collect can-
a list of queries a database of example fluents, andlidate temporal expression mentions for each fluent
source documents. Queries are named entities (pdtem our source documents. This limits us to us-
ple or organizations) with their gold relations but ndngd temporal expression mentions which appear near
temporal bounds. The database consists of trainidgent mentions in text. It also ensures that we can
entities with their fluents, including known tempo-Provide provenance for each temporal boundary as-
ral bounds for each fluent. Example fluents can bgertion. This process is describediB1.
seen in Table 1. Note that the database may be in-Our model contains two components, both of
complete. In addition to missing fluents for an enWhich assign probabilities to timelines. Tictas-
tity, some temporal bounds may be missing frongifier componentdetermines how each candidate
the database; missing bounds are unfortunately ifemporal expression mention connects to its fluent
distinguishable from unbounded ranges. As a resuff§3.2). For example, the mention may indicate the
we can only trust concrete temporal boundaries iRTART of the fluent, theenD, both itsSTART AND
the database. Source documents consist of raw t&D (for instantaneous events), or b&IRELATED.
from news, blogs, and Wikipedia articles. For eacffhese connections involve relations between tempo-
fluent, systems must output their predicted tempor&®! expression mentions and relations and we refer to
bounds, along with references to source documerfsem asmetarelations For features, the classifier
to provide provenance. uses the surrounding textual and syntactic context of
Our task is a variation of the Temporal KBP tasktemporal expression and fluent mentions. Each clas-
In our case, the database is a collection of Fredpasgfication decision is made independently, allowing
entities and their fluents, merged with Wikipedia infor inconsistency at multiple levels (within a fluent,
foboxes. Each entity has a unique ID, allowing ugcross fluents, or across entities). However, using
to avoid some coreference issues (though there cint inference, the classifier component can deter-
still be issues in document retrieval). In TemporaMine the best overall span for each fluent.
KBP, the temporal representation allows for upper The consistency componefi¢arns what makes
and lower bounds on both the event start and enimelines consisten§g.3). It is similar in nature to
(51, Su, €1, €4) Wheres; < start < s, e; < end < a language model for timelines instead of sentences.
e,. However, it is difficult to obtain these boundsGiven a candidate timeline, the consistency compo-
without manual annotation. As a result, we opted foRent estimates its probability of occurring. This is
the simpler representation which can be easily fourfdone by decomposing timelines into a seriequeés-
in databases like Freebase. Our temporal represdifns (such as “did the entity go to school before
tation is limited to bounds of the forrfstart, end) — Starting a job?”) and learning the probabilities of
where either can be unbounded or unknown (botfiifferent answers from training data.
represented agoo). Unlike the classifier component, the consistency
Our set of fluents is closely related to those iffomponent is blind to the underlying text in the
the Temporal KBP task. Our goal was to uséource documents. The two components work to-
as much temporal information as possible, wittgether to find a global timeline that is both based on
the hope of each fluent providing additional potentextual evidence and coherent across entities using
tial constraints. While we omit theesides inand  with temporal bounds.

member offluents? we add several others. For >Note that this is a relation in the non-temporal KBP task.

- 4Other metarelations are possible under more complex tem-
Yhttp://freebase.org poral representations. For example, Artiles et al. (2011) uses
This is because these fluents are rarely present in Freebahe HOLDS metarelation.
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Entity Relation Slot value Temporal bounds
Jon Stewart .

fenfion _stewart lifespan — [1962-11-28,+c0)
Jon Stewart Donald Leibowitz

lenfjon _stewart has parent . donald _leibowitz [1962-11-28+0c)
Jon_Stewart attends sch09| College of William anq_Mary (o0, 1984]
len/jon  _stewart en/college _of _william _and _mary

Jon Stewart Tracey McShane

/enfjon  _stewart has spouse lenl/tracy _mcshane [2000-11,+00)

Table 1: Example relations with their temporal bounds. Base IDs are shown imonospace . Note that temporal
bounds differ in their resolution (some are days of the yeilrers are only years). Some bounds are unknown (e.g.,
the start of thattends schodluent) and indistinguishable from unbounded. Tifespanfluent is a unary relation.

joint inference (note that they are trained indeperresolve these dates to full expressions if possible.
dently). The inference process is describe@dml.  Some of our documents are news articles, where we
use the publication date as the reference time. Other
documents, e.g., Wikipedia articles, are undated and
Given a fluent, we search for all textual mentiongve typically omit a reference time for these. We ex-
of the fluent and collect nearby temporal expressioplude dates which are not uniquely resolvable (e.qg.,
mentions. These temporal expressions are used ‘&eptember 15th,” when the reference date is un-
candidate boundaries for the fluent in later stepg&nown) since our task requires us to output unam-
The search process assumes that if a fluent's entigjguous dates.
and slot value co-occur in a senteffdbat sentence  We create training datums by computing the
is typically a positive example of the fluehtThis metarelation between each temporal expression and
is sometimes known adistant supervisioriCraven its gold fluent. For example, for the temporal
and Kumlien, 1999; Mintz et al., 2009). We useexpression mention “September 15th, 1981” and
the Stanford Core NLP suite (Toutanova et al., 2003old lifespan relation that span$1981-09-15
Finkel et al., 2005; Klein and Manning, 2003; Lee et+-oco), we would assign the TART metarelation. As
al., 2011) to annotate each document with POS arad heuristic, we allow for underspecified matches.
NER tags, parse trees, and coreference chains. ®hus, both “1981” and “September 1981” would
top of this, we apply a rule-based temporal expredave thesTART metarelation but “September 2nd,
sion extractor (Chang and Manning, 2012). Sinc&981" would be assignedNRELATED.
we have coreference links, we also search docu- -~
ments for anything coreferent with the fluent's enS-2 Classifier component
tity. We use a classifier to determine the nature of the
The temporal expression extractor handles moghk between fluents and candidate temporal expres-
standard date and time formats. For each documestpn mentions. Our classifier (a standard multi-
one can provide an optional reference time. Forlass maximum entropy classifier) learns a function
underspecified dates, the reference time is used € : (¢, f) — M wheret is a temporal expression

— o ___mention, f = (entity, relation name, slot valiés
While we limit our scope to sentences in this work, it is .

trivial to extend this to larger regions such as paragraphs. a fluent fr.om the datab_ase’ and is the set of the
5The lifespanfluent requires special handling. Ideally, its four possible metarelations.

candidates would be provided by a relation extraction mention Features for the classifier include many of those

:?'fteaorb(e-ga a KB'ID Sysiem)-f FOL““S work, e use the golgh Artiles et al. (2011). These include standard re-

ifespanbounds as slot values for the purpose of document rg-. .. .

trieval. While this does heavily bias the system towards usin‘:‘g’ltIon extraction features such as th_e dependency

gold bounds, the system still must predict the correct associRaths between the temporal expression and the en-

tions (START, END, etc.) making théifespanfluent non-trivial.  tity or slot value. We use both the original depen-

3.1 Temporal expression retrieval
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dency paths and their collapsed Stanford Dependeftime expressions marked as\RELATED), we do
cies forms (de Marneffe and Manning, 2008). Wenot have an equivalent technique to reliably create
include the lengths of each path and, if the path isegative examples for the consistency component
shorter than four edges, the grammatical relationgexamples of inconsistent timelines). Instead, we
words, POS tags, and NER labels along the patbnly have positive examples of consistent timelines
We extract the same sorts of features from surfadeom the database. As a result, we must treat predict-
paths (i.e., the words and tags between the entity aimtfy consistency as a density estimation rather than a
the temporal expression) if the path is five tokens arlassification problem.
shorter. For temporal expressions, we include their Our consistency component is designed to be as
century and decade as features. These features actjeseral as possible — it does not even include basic
a crude prior over when valid temporal expressionsonstraints about timelines such as “starts are before
occur. There are also features for the precision @&nds.” Instead, we provide several simple templates
the temporal expression (year only, has month, arfdr temporal constraints to allow it to learn these ba-
has day). Lastly, we include the relation name itselfic tendencies as well as more complex ones. Ex-
as a feature. amples include whether one typically goes to school
Previous work (Artiles et al., 2011) heuristicallyfirst or starts their first job, how many jobs people
aggregates the hard decisions from their classifier tgpically have at one time, or if it is possible to marry
create a locally consistent span. Thasic aggre- someone who hasn't been born yet.
gation model(described ing4.2) is similar to their ~ We achieve this by decomposing timelines
method. In contrast, our method uses the likelinto a series of probabilistic events, aues-
hood of complete spans to ensure both boundarigens  As an example, one question about
are consistent with the text. the timeline shown in Table 1 is whether Jon
To calculate the likelihood of a specific temporalStewart graduated from the College of William
span for a fluentf, we represent the span as aand Mary BEFORE marrying Tracey McShane,
series of metarelations and take the product of theie., endattends schodl< start(has spouske In this
probabilities. For example, if the candidate span isase, the answer is “yes.” More generally, we
[1981-09-15 , +o00) and we have two temporal can apply theBEFORE template to all bound-
expressions, “September 15th, 1981” and “2012": aries of all fluents: boundary,(fluent,) <
boundarys(fluent,). We use templates like these

P(span(f) =[1981-09-15 , 400) | f) = (denoted bysmALL CAPS) to generate all possible
P(C(“September 15th, 1981%) = START) X questions to ask about a specific entity.
P(C(*2012", f) = UNRELATED) Other questions can be asked at the fluent level

rather than the boundary level (Allen, 1983). One

This can easily be extended to calculatingthejoirﬁet of fluent level questions asks whether two flu-

probability of an entire timeline, represented as a ligNtS’ SPANSVERLAP. For example, in Table 1, Jon
of (fluent, span) pairs: Stewart'slifespan ovERLAPS with the span of his

has spousdluent. Other sets of fluent level ques-
tions ask whether the span of a fluent completely
Pee((f1,81),...) = HP(SPan(fi) =si| fi)  CONTAINS the span of another one, whether a flu-
i ent is COMPLETELY BEFORE another fluent, and
We refer to this model as the Combined Classifiewhether two fluentgoucH (the start of one fluent
(CC) since it uses the probabilities of all timelinegs the same as the end of another).
boundaries rather than aggregating hard local deci- Since all of these questions involve ordering but
sions. ignore the actual differences in time, we create one
more set of questions asking whether two bound-

aries arenvITHIN a certain number of years:
While distant supervision can be used to create im-

plicit negative examples for the classifier componenthoundary, (fluent;) — boundary,(fluent,)| < K

3.3 Consistency component
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for K € {1,2,4,8,16}. The aim is to approxi- a new combination of fluent types. We reserve an
mate the typical lengths of a single fluent or amourdmount of probability mass for new questions ¢
of time between boundaries from different fluents. and )\ are estimated in turn by picking the value that

There is nothing which requires that the flu-maximizes the likelihood of the timeline made by
ents in question come from a single entity. Thusthe development entities.
we can trivially ask questions about two entities To adjust the weight of the consistency compo-
which are linked by a fluent. For example, sincenent relative to the classifier component, we take
Jon Stewart is linked to Tracey McShane by théhe geometric mean of the likelihood using the to-
has spousduent (Table 1), we could ask the questal number of question$g)(¢)|, as the exponent and
tion of whether Jon Stewartifespan OVERLAPS raise the resulting mean to an exponght, This is
Tracey McShane'difespan We can ask any type necessary since the two components essentially op-
of question about two linked entities and distinguisterate on different scales. The Joint Classifier with
the questions by prefixing them with the nature o€onsistency (JCC) model calculates the score of a

the link (has spousé this case). timeline, t, according to both components:
Note that not all questions can be answered since
they may rely on comparing unknown values. This 3

is because (for our setup) infinite values are indistin- 5¢0rescc(t) = Poc (1) | Peonsistency (1) 190
guishable from unknown values. For example, thg 4
start of the Jon Stewart&tends schodluentis un-
defined in the database, but clearly not actualty. Inference for the CC model is relatively simple:
Thus, we add a third possible answer to each quesiMPly pick the most likely span for each fluent.
tion: unknown. The answers to boundary level ques?ince it assumes all fluents are independent, the
tions are defined only if both boundaries are finitePounds for gach fluent can be _ipferred separately.
Fluent level questions have known answers as lonfp Perform inference on a specific fluent, we con-
as both fluents have at least one finite value. sider all of its possible temporal spans, limited by
To train our model, we gather the answers to que&€ temporal expression mentions found by the re-
tions over all the fluents from training entities. Eacrri€val system{3.1). Each possible span assigns one
question forms a multinomial over the three possibl@f the four metarelations to each candidate temporal
values (yes, no, unknown). To determine the prob{gxpression for the fluent. For example, if we found

Inference

bility of a complete timeline: only the temporal expression mention “1981” for a
o specific fluent, there are four possible spans:
Peonsistency (timeline) = UNRELATED: (—00, +00)
(1-¢)Py(a]q) qisold START: [1981-01-01+c0)
H e ¢ is new END: (—o0, 1981-12-31
(g,0)€Qtimeline) START AND END:  [1981-01-01, 1981-12-31
where  Q(-) generates all possible Note that when we assign “1981” as a start, we

(question, answer) pairs which are consistent use the earliest possible time (January 1st) while
with the fluents in the timeling] is a vector of the when we assign it as an end, we use the latest pos-
model parameters, andis a smoothing parameter sible time (December 31st). Of course, we typi-
(described below). cally have multiple candidate temporal expressions
To learn the model parameters, we start by usnd thus potentially many more than four possible
ing maximume-likelihood estimation for these multi-spans. All temporal expression mentions that re-
nomials from training entities. However, somesolve to the same time are grouped together, since it
smoothing is required since new entities may conwvouldn’'t make sense to assign “August 28th, 2010”
tain previously unseen answers to existing quesne metarelation and a different one to “8/28/2010.”
tions. To address this, we apply addsmoothing Joint inference for the JCC model is a little more
to each multinomialPy(a | ¢). Additionally, itis involved since the consistency model does not as-
possible to see entirely new questions when we seseime independence across fluents. Thus, we need

877



to apply techniques like Gibbs sampling or randomportion of possible entities. Our corpusonsists of
restart hillclimbing (RRHC) to determine the opti-8,450 entities for training, 1,072 for development,
mal temporal spans for each fluent. For our taskand 1,067 for test. Entities have approximately 2.0
the two methods obtain similar performance whildluents on average.
RRHC requires many fewer iterations so our discus- From experiments on the development set, we set
sion focuses on the latter. RRHC involves loopinghe relative strength of the consistency component
over all fluents in our testing entities, shuffling theg = 10. For the JCC model, we perform three runs
order of the fluents at the beginning of each pasgor each experiment with different random seeds.
We maintain a working timeling, with our current Each experiment performs 10 rounds of RREGI-
guesses of the spans for each fluent. For each fluaflizing from an empty timeline.
and spar(f, s) € t, we pick the optimal span fof:

4.1 Evaluation metric

s* = arg max score joc (ty) Our evaluation metric is adapted from the Temporal
s'eS(f) KBP metric (Ji et al., 2011) to work with 2-tuples
for temporal representations rather than the 4-tuples
where S(f) determines all possible temporalin Temporal KBP. The metric favors tighter bounds
spans for the fluent andt, = (tU (f,s’)) — (f,s) on fluents while giving partial credit. All dates need
is a copy oft wheres’ is the span forf instead to be given at day resolution. Thus, for gold fluents
of s. After selectings*, we add it to our timeline: with only year- or month-level resolution, we treat
thew = (tU (f,s*)) — (f, s). Rather than calculat- them as their earliest (for starts) or latest (for ends)
ing the score of the full timeline, we can save time byossible day. To score a boundary, we take the dif-
using only the relevant fluents .. For example, ference between the predicted and gold values: If
if our fluent is thehas spouséluent for Jon Stew- they’re both unboundedt{(co), the boundary’s score
art, we include all the fluents involving Jon Stewaris 1. If only one is unbounded, the score is 0. If
and any relevant linked entities. In this case, we aldaoth are finite, the score i5/(1 + |d|) whered is
include all the fluents for Tracey McShane. the difference between the values in years. To score
Each round of RRHC consists of two passed fluent, we average the scores of its start and end
through the fluents we are inferring: Amg max boundaries. In rare cases, we have multiple spans
pass followed by a randomization pass where wi" the same relation (e.g., Elizabeth Taylor married
randomly choose spans for a random fraction of thBichard Burton twice). In these cases, we give sys-
fluents. When finished, we return the highest scoféms the benefit of the doubt and greedily align flu-

ing timeline seen during either of these passes. ~ €Nts in such a way as to maximize the metric. The
total metric computes the score of each fluent di-

vided by the number of fluents. The official metric
includes precision and recall components, but since

. our setup provides gold relations, our precision and
We evaluate our models (CC and JCC) according to PP g P

. . . recall are be equal. This allows us to report a single
their ability to predict the temporal bounds of flu- d P g

S . number.
ents from Freebase. This is similar to the Diagnostic

Track in the Temporgl KBP task, Whgre gold rela-4_2 Baselines and oracle

tions are provided as inputs. We provide three base-

lines for comparison, discussed further§h2. To The simplest baseline is tmill baseline, proposed
form our database, we scraped a random Samp|ei6fsurdeanu etal. (2011). This baseline assumes that
people and organization entities from Freebase ugll fluents are unbounded in their spans. The purpose
ing their API. Since our consistency model has ”mWamord edu/ - mecloskyldatal

|teq _effect if entities do not haye any I|nl_<§ to _Otherfreebasé-ten;poral-rel.ations.tar.gz

entities, we restrict our attention to entities linked  sthere was no significant difference in accuracy between
to at least one other entity — this eliminates a largeinning 10 and 200 rounds of RRHC.

4 Experiments
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Figure 2: Performance gf models and ba;e]ines on devglye present the performance of our models, base-

opment data while varying amount of training data. Nofinos and the oracle in Figure 2 while varying the

pictured: Thenuill baseline at 58.8%. percentage of training entities. The JCC model
(76.1% on development with 100% training enti-
ties) is consistently the best non-oracle system. Its

of this baseline is primarily to show the approximatgyains are larger when the amount of training data is

minimal value for the temporal metric. low. This is presumably because the classifier suf-

We provide two other baselines to describe heurid€rs from insufficient data and the consistency com-
tic methods of aggregating the hard decisions frorgonent. is able to learn consistency rules to recover
the classifier functior’ learned in§3.2. These are fTom this. Both the CC and JCC models outperform
unlike the CC model which uses the soft decisiont'€ basic aggregation models. This shows the value
of C. Both of these baselines maintain lists of pos®f Incorporating all marginal probabilities. On the
sible starts and ends for each fluent. If the classifi¢#St Set (Table 2), the JCC model performs even bet-

assignSTART AND END, we add the candidate tem-terin comparison to the sim_p!e models, despite the
poral expression to both. The first baselibesic test set being clearly more difficult than the develop-

aggregation is along the same lines as the aggregéfﬂem ;et. In this case,_the JCC aghieves a 36% error
tion method used in Artiles et al. (2011), a state-ofi€duction over the basic aggregation r_no‘déln the
the-art system. Our baseline assigns the earliest st3fticial KBP entities, the oracle score is 92%. Since
and the latest end as the bounds for each fluent, 24€ Us€ a different set of entities, there is a mismatch
signing oo for empty lists. The second baseline,bet‘{"ee_n our entities and the source doc_umen_ts .re-
basic aggregation (moded¥ the same except that it sulting in a lower oracle score. Addressing this is
uses the mode from each list. future work.

To determine the best possible score given o Discussion
temporal expression retrieval system, we calculate

the oracle score by assigning each fluent the spd@Pleé 3 shows the performance of four systems

which maximizes the temporal metric. The oraclé@nd baselines on individual fluent types. The JCC
score can differ from a perfect score since we caffodel derives most of its improvement from the

only use candidate temporal expressions as valul¥0 lifespanfluents and other high frequency flu-

for a fluent if (a) mentions of the fluent are retriev-ENtS:  Thelifespanfluents provide the most room

able in our source documents, (b) the temporal ef°" iImprovement since they tend to contain riourk
pression mention appears nearby, and (c) our tealues a rgasonable amount of the time (note_ how
poral expression extractor is able to recognize it cof€S€ relations have a large gap between their ora-

rectly. Nevertheless, it is still a reasonable upper 9this counts errors relative to the oracle score since we treat
bound in our setting. the retrieval system as fixed in this work.
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Model
Fluent Count| null Basic Basic (modes) CC JCC Oracle
organizationlifespan 266| 49.2 71.0 70.7 711 717 73.4
organizationtop employees 150| 88.0 88.0 88.0 88.0 88.0 883
organizationfounders 31| 0.0 54 54 10.8 11.1 16.3
organization:acquires company 14| 214 214 21.4 214 214 385%
| personlifespan 806| 28.6 63.1 ¢ 646 656 66.1 69.1
person:has spouse 582 | 92.2 92.1 92.1 922 923 931
person:attends school 107 | 97.7 97.7 97.7 97.7 98.1 98.1
person:has job 85| 788 794 79.4 78.8 78.8 80.3
person:holds government position 45| 16.7 19.7 19.7 19.7 19.7 25.1
person:romantic partner 51500 529 52.9 529 529 71.2

Table 3: Fluent-level performance of models and baselimedavelopment data. Scores are calculated with the
temporal metric. CC stands for Combined Classifier and J€Qdimt Classifier with Consistency. The JCC model
obtains most of its benefits on the tditespanrelations. Forattends schoglit is the only system able to achieve
oracle-level performance. Thaill baseline is especially strong for several fluents sincestteasl to be unbounded or
(more likely) missing their values in Freebase. The twobaggregation models differ primarily on their predictions
for thelifespanfluents.

cle andnull scores). Additionally, théfespanfluent to other NLP problems (Roth and Yih, 2004;
is always present for entities while other fluents ar@éoutanova et al., 2008; Matrtins et al., 2009; Chang
sparser. Foattends schoolJCC is the only system et al., 2010; Koo et al., 2010; Berant et al.,
able to achieve oracle-level performance. No syste®011). Two recent examples in information ex-
improves on thaull baseline fomacquires company traction include using Markov Logic for temporal
This is likely due to its sparsity. ordering (Ling and Weld, 2010) and using dual-
Inspecting the multinomials in the consistencydecomposition for event extraction (Riedel and Mc-
component, we can see that the model learns reasd@allum, 2011).
able answers to questions such as whether an entityOur work is closest to Temporal KBP slot filling
“was born before getting married?” (yes: 14.8%systems. The CUNY and UNED systems (Artiles
no: 0.04%)'° “died before their parents were born?"et al., 2011; Garrido et al., 2011) for this task used
(yes: 0.3%, no: 53.7%) and “finished a job beforelassifiers to determine the relation between tempo-
starting a job (not necessarily the same one)?” (yegal expressions and fluents. These systems use the
72.5%, no: 20.5%). Despite some unavoidable noigeard decisions from the classifier and combine the
in the data, it is clear these constraints are useful. decisions by finding a span that includes all temporal
expressions. In contrast, our system uses the classi-
6 Related work fiers marginal probabilities along with the consis-
tency component to incorporate global consistency

There | lar f related work that f ) L
ere is a large body of related wo a Ocusegonstralnts. Other patrticipants used rule-based and

on ordering events or classifying temporal relationsattern matching approaches (Byrme and Dunnion
between them (Ling and Weld, 2010; Yoshikawa e 011; Surdeanu et al., 2011; Burman et al., 2011).

al., 2009; Chambers and Jurafsky, 2008; Mani e i
Outside of Temporal KBP, there are several works

al., 2006,inter alia). Much of this work uses the )
Allen interval relations (Allen, 1983) which richly on the task of extracting fluents from text. Wang

describe partial orderings of fluents. We use severSl al. (2011)_ which uses label propagation, a graph-
of these as fluent-level question templates. based semi-supervised method to extend positive

Joint inference has been applied successful d negative seed example_s over the graph. Taluk-
ar et al. (2012) apply a similar approach by ag-

Ypercentages for “unknown” are omitted here. gregating local classification decisions using tempo-
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ral constraints (e.g., mutual exclusion, containmentiecessarily reflect the view of the DARPA, AFRL,
and succession) and joint inference. One key di®r the US government.
ference is that their constraints are included as input

rather than learned by the system.
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